Abstract-To be able to use the voluntary EMG-signal from an electrically stimulated muscle as control signal for FES-applications, i t is necessary to eliminate the muscle response evoked by the stimulation. The muscle response is a non-stationary signal, therefore a set of linear adaptive prediction filters are proposed, based on the observation that the shape of the muscle responses only exhibits moderate changes during a time window of up to 300 ms. The filters are derived and compared with a conventional fixed comb filter on both simulated and real data. For variations in amplitude of the muscle responses the performance of the adaptive filters are independent of the filt.er length, whereas for variations in the shape the performance is increased with the filter length. Using the adaptive filters it is possible to obtain a signal-to-noise ratio, which enables the EMG from a partly paralysed muscle to be used as control signal for stimulation of the same muscle.
I . INTH.ODUC'rION
HE EMG-signal has often been used as a control sig-T nal in FES-applications, but due to difficulties in extracting the voluntary EMG from a muscle, which is being electrically stimulated, in most cases the EMG from one muscle is used for controlling thc stimulation of another muscle [l], [2]. The EMG from an electrically activated musclc consists of both thc patient's voluntary neuromuscular a.ct,ivit,y and a,rt,if'a.ct,s caused by the stimulation, and is essentially non-stationary. Therefore an adaptive filtering approach is proposed. If an effective elimination of the artifacts is carried out, it is possible to use the EMG from a muscle to control the stimulation of the same muscle.
This will give the user a more natural control of his/hers neural prosthesis.
METHODS
When recording tthe Eh4G from a. miiscle, which is being simultaneously electrically stimulated, the measured signal will consist of 3 components: 1) a stimulation artifact, whic,h is evoked by the direct, spill-over bet,ween the stimulating and recording. electrodes, 2) a muscle response, which is due to the synchronous activation of many motor units, 3 ) the voluntary EMG, caused by the patient's desire for muscular activity. The artifacts are typically more than an order of magnitude larger than the voluntary EMG, which can be regarded as a band limited white-noise signal. The filtering task is to extract the voluntary EMG ' from the recorded signal ( fig. 1 ).
The stimulation artifacts are eliminated by shutting down the amplifier during the stimulation pulses as described previously [ 3 ] . This will effectively suppress the stimulation artifacts arid leave only the muscle responses and the voluntary EMG (middle in fig. 1 ).
Since the muscle response in some cases can extend for an entire stimulation period additional filtering is necessary. Some authors have assumed the musclc responses to be sta.tionary and therefore used fixed comb filters [4], [5] .
But the muscle response is essentially non-stationary and depends on stimulation amplitude, electrode position, limb position, contraction level etc. Therefore an adaptive linear prediction filter is proposed as shown in fig. 2 , based on the following observation: During a relatively small time interval (typ. < 300 ms), consisting of only a few stimulation periods, the amplitude of the muscle responses can exhibit relatively large variations as the stimulation strength is changed, whereas the shape of the response only exhibits small variation, mainly due to limb movements. The idea is to divide the input signal into frames of length N, where N is the ratio between the sampling frequency and stimulation frequency. Each framc then only consist of the muscle response caused by one stimulation pulse. The present frame is predicted on the basis of a linear combination of M foregoing frames. By subtracting the predicted frame from the actual frame the muscle responses can be eliminated, leaving a signal, which after some scaling has the same RMS-value as the voluntary EMG. The output of the filter is given by:
The optimal filter coefficients are found by minirnizing the output power by a Least-Sqaure algorithm [6] : Solving (2) gives an usual set of normal eqmtions from which the filter coefficients are derived: -I . . M (3) is being solved in real time on a ADSP-21020, using LU-decomposition followed by forward-and backsubstitution [7] .
RESULTS
Adaptive filters with M=1,3 and 6 have been evaluated and compared with a fixed filter with M = l and bl = 1 on both simulated and real data with N = l l l corresponding to a stimulation frequency of 30 Hz and a sampling frequency of 3.33 kHz.
A . Simulated data
The muscle responses have been simulated as an exponential damped sinus with amplitude, a, and time constant, r , and the voluntary EMG as additive band-limited Gaussian Noise ( p = 0,u2 = 1). The input signal is simulated as:
where a == 200 and r = 20 are chosen to give a signal-tonoise ratio of app. -32 dB and so the muscle response is significant larger than the noise-signal in the entire stimulation period. This can be regarded as a worst case situation. Both a and r were exposed to random variations around the fixed value to simulate differences in amplitude and shape respectively. Both the pure noise signal, n(i), and the mixed signal, x(z), were processed by the filters, and a Filter Performance Index (FPI) was defined as: For a signal where the muscle responses are identical in each frame, all of the filters show perfect performance. When adding random variation to the amplitude, the fixed filter performance is drastically reduced, whereas the performance of the adaptive filters are still good, even for very large variations. Variation to the shape of the muscle responses were done by applying random variations to r. In this case lboth the fixed and M = l adaptive filter is showing decreasing performance, whereas the M=3 and M=6 adaptive filters are still having a good performance. Only for very large variations in shape the M=6 filter is performing slightly better than the M=3 filter. Applying variations in amplitude together with variations in shape does not affect the filter performances further.
B. Real data
The filters were also evaluated on real muscle responses obtained from the wrist extensor muscles on both healthy and tetraiplegic individuals. Since it is not possible to process both the pure voluntary EMG and the muscle responses through the filters, the FPI in (5) cannot be calculated. Instead is the power reduction, PR., defined as: Examplc of M = l and M=6 filtering of a n input signal the non-stationary nature of the muscle responsc, adaptive filter solutions are useful for establishing a sufficient signal-to-noise ratio. An adaptive linear prediction filter has been proposed, which is capable of eliminating the rnuscle responses, even during changes in stimulation amplitude and moderate limb movements.
obtained during forearm pronation.
